In this paper, the topic of online diagnosis for Polymer Electrolyte Membrane Fuel Cell (PEMFC) systems is addressed. In the diagnosis approach, individual cell voltages are used as the variables for diagnosis. The pattern classification tool Support Vector Machine (SVM) combined with designed diagnosis rule is used to achieve fault detection and isolation (FDI). A highly-compacted embedded system of the System in Package (SiP) type is designed and fabricated to monitor individual cell voltages and to perform the diagnosis algorithms. For validation, the diagnosis approach is implemented online on PEMFC experimental platform. Four concerned faults can be detected and isolated in real-time.
and industrial communities [13, 14] . Through an efficient diagnosis strategy, more serious faults 23 can be avoided thanks to an early fault alarm. With the help of diagnosis results, the downtime 24 (repair time) can be reduced. Moreover, the precise diagnosis information can help to speed up 25 the development of new technologies [15] . 26 Several fault diagnosis strategies have been studied during the last decade [16, 17, 18, 19, 27 20, 21, 22, 23]. The general model based fault diagnosis theoretical base seems to be well estab-28 lished and some positive results have been obtained by using these methods for some PEMFC 29 systems [16, 17] . Nevertheless, building a model with first principle is not a trivial task. The in- 30 ternal parameters, which are essential for modeling, are not evident to be found or estimated. In 31 addition, model structures and parameters may differ among different designs of fuel cell stacks 32 and other system components. Apart from the model based diagnosis, the application of data 33 based methodologies for the diagnosis of PEMFC systems has been drawing the attention of 34 researchers [18, 19, 20, 21, 22, 23] . Avoiding the sophistical modeling process, the data based 35 diagnosis seems to be more practical in most cases. Actually, the data based diagnosis has been 36 utilized in a number of industrial processes [24, 25, 26] . 37 Within the scope of data based fault diagnosis, a number of pattern classification tech-38 niques have been widely used since FDI can be considered as a classification problem [25, 26] . 39 Some classification based diagnosis strategies have been proposed for PEMFC systems (see 40 [18, 20, 21, 23] for instance). Different variables, feature extraction and classification meth-41 ods have been studied using the historical data. In [18] , the classification was supposed to be 42 carried out in the feature space which is generated using multifractal analysis on stack volt-43 age. In [21] , the fuzzy classification method was utilized to analyze Electrochemical Impedance 44 Spectroscopy. In our previous study [20] , selecting individual cell voltages as the variables for PEMFC the hygrometry level of the fed air can be regulated to the required value.
112
Hydrogen is supplied from a high pressure tank. The pressure at the hydrogen inlet can be 113 controlled thanks to the pressure regulator; namely a valve. The hydrogen flow rate can 114 also be set through the regulator located at downstream of the stack.
115
The system is equipped with a temperature regulation subsystem in which the thermal 116 exchanging medium is deionized water. The temperature measured at the water outlet is 117 considered as the temperature of the stack.
118
The system is operated through the Labview interface. The parameters such as pressures, 119 flow rates, relative humidities, temperatures of reactants, cell voltages can also be moni-120 tored and saved through the same interface.
121
• DC load 122 The load current can be flexibly varied through an electronic load. The measurements and the calculation results obtained from the measuring and computing 140 unit are exported to an output interface. In the presented application, the output interface In the performing phase, which class a test sample belongs to can be told according to its location.
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Maximum margin
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For performing, a real-time sample can be classified into one of the known classes thanks to (1) .
190
The binary SVM corresponding to the first two classes is summarized as Algorithm 
where a = [a 1 , a 2 , ..., a N ] T are the Lagrange multipliers, and the Gaussian kernel function is defined as
4: Save support vectors x s 1 , x s 2 , . . . , x s S and corresponding g n and a n denoted by {g s n } and {a s n }) for which a n > 0, where S is the number of support vectors.
Performing:
For a new sample x,
To extend the binary classifier to multi-classification situations, there are several ways (see for instance [36] and references therein). The method "One-Against-One" has been adopted in denoted Fd, corresponding to a specific fault is defined as the rate of the fault is diagnosed:
The fault degree of fault i, i.e., Fd i (k), is then calculated and compared to the pre-defined Constrained by the measuring capability of the initially designed SiP and configuration of con-220 nectors between the stack and SiP, the voltages of 14 cells can be measured and used as the 221 10 variables for diagnosis. These cells are numbered by 1, 3, 5, 6, 7, 9, 10, 11, 12, 18, 19, 20, 21, 222 22, counting from the negative pole of the stack.
223
The evolutions of individual cell voltages of the training data are shown in Fig. 7(a) . The cell 224 voltage details in a period of 100 s are shown in Fig. 7(b) (sample time 1 s). It can be observed 225 that the magnitudes and behaviors of the voltages vary between different cells. Besides, a cycle 226 property can be observed from the curves. Actually, it is related to the process of anode purge 227 whose periodic time is 90 s. Table 4 . Notice that the procedure for F3 is equivalent 243 to use the original classification results.
244
The fault degrees and diagnosis results corresponding to the experiment of training data 245 preparation are shown in Fig. 9(a) and Fig. 9(b) . The global diagnosis accuracy rate reaches 246 93.20%, which is significantly increased from the original classification result. The detailed di-247 agnosis results are also summarized quantitatively as a confusion matrix in Table 5 . Comparing 248 Table 3 and 5, it could be seen that the diagnosis results corresponding to F1, F2, and F4 are 249 more accurate and consistent than the raw classification results. The phenomenon can also be 250 observed visually by comparing Fig. 9(b) and 8. Concerning the data in normal state, the FAR is 251 slightly increased. The diagnosis procedure tested by using a computer or by coding into the memory of SiP, 253 respectively, provides 100% accordant results. Besides, the diagnosis algorithm could be calcu-254 lated within a sampling cycle (i.e., 1s) using the SiP. That is to say, the diagnosis approach is 255 successfully integrated into the SiP. To realize online validation, the programed SiP was tested online with the real-time data 258 during another experiment. The operations during this experiment are summarized in Table 6 , 259 and the measured cell voltages, i.e., the variables for diagnosis are plotted in Fig. 10 .
260 are shown in Fig. 11(a) and Fig. 11(b) . The global diagnosis accuracy of the online implemen-262 tation is 93.99%. Notice that the global diagnosis accuracy related to online validation is even a are also summarized quantitatively as the confusion matrix shown in Table 7 . 266 To show the effect of the proposed diagnosis rule, the raw classification results are also pro-267 vided here. The global classification accuracy of online validation data is 85.93%. The detailed 268 classification results corresponding to online validation are summarized in Table 8 . By com-
269
paring Table 8 and 7, it can be seen that the diagnosis accuracy for the data in F1, F2 and F4 270 classes can be increased from the raw classification results by using the proposed diagnosis rule.
271
However, the FAR is also a little increased. 
